Abstract-Due to its great productivity, Gas metal arc welding (GMAW) has been become the most frequently used automated welding process. Unfortunately, the metal transfer changes from solid to liquid, which causes spatters and fumes. As a result, the process is complicated and needs to be controlled for good welding quality and good process stability. In return, the fumes, spatters and energy consumption will be reduced. This paper aims at establishing the ability of monitoring the metal transfer process in the real welding environments for the automated welding robot to control the welding process on line. In this paper, we designed a compact and practical monitoring system to measure the metal transfer of gas metal arc welding (GMAW) robustly. To this end, the captured images are modeled and effective image processing algorithms are proposed. Experimental results verified the effectiveness of the proposed algorithms and the designed monitoring system.
INTRODUCTION
ISION based measurement system has become more and more popular in recent years because of its robustness and the large quantity of contained information. It has wide applications in our everyday life, e.g. environmental monitoring, semiconductor manufacturing, biomedical application, military and civilian applications and welding industry [1] - [6] . In this paper, we propose a vision based measurement system to monitor the metal transfer process for gas metal arc welding (GMAW). To better control and understand the GMAW process, the weld pool shape, the arc length and metal transfer processes have been researched widely [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] . Different metal transfer monitoring methods [7] [13] [14] [15] [16] [17] [18] [19] have been proposed. Among them, [17] - [19] used high-speed video cameras to record the metal transfer process. Since the analysis of high speed pictures can only be done off-line manually, the quality and contrast of the images were important. A useful technique which could improve the image quality and contrast is called laser back-lighting which was first proposed in [18] and was later developed at University of Kentucky [7] for on line metal transfer control.
A closed loop control system was developed in [7] to control the metal transfer by the detachment of the droplet. Since the detachment is determined by the downward momentum of the droplet and the current ejection level, it thus can be achieved by matching the current phase and oscillation of the droplet. The authors tried to detach one droplet at each pulse through current switching. They extracted the position of the droplet in pixel. However, they did not use the accurate size of the droplet and only gave the conclusion that bigger droplets result in slower oscillation. For precise control, both the detachment time of the droplet and the detached size of metal (sizes of both the droplet and the undetached liquid metal) are needed, which is achieved by this paper. In addition, the authors stated that "a great limitation of the developed control system is the use of the imaging system. To actually apply the proposed metal transfer control principle to GMAW, a low cost compact sensor must be developed." In this paper, a compact monitoring system with robust and efficient image processing algorithms was developed responding to the appeal of [7] . Fig. 1 shows the designed monitoring system that was installed on a pulsed GMAW welding system. The central controller of the pulsed GMAW system controls the wire feed speed and the current. The metal transfer information is obtained by the designed laser backlighting system. One high speed camera is connected with the computer by a high speed frame grabber. A 20 MW laser beam with bandwidth near 685nm is projected across the metal transfer process with a ten degrees divergent angle. The projected laser beam reaches the imaging plane which is placed on the other side. The complex optical lens used in [1] is removed and the monitoring system becomes more practical and easy to be installed in welding environments. system to capture images with good quality. The ideal situation is that the arc radiation is sufficiently reduced while the power of the laser beam is still strong enough. Because of the much higher penetrability of the laser compared to arc light, this situation could be met by trying different distances among the laser, the welding torch and imaging plane. The ideal distance between the laser and the welding torch is found to be 1 = 250 mm and the ideal distance between the welding torch and the imaging plane is found to be 2 = 300 mm as shown in Fig. 1 .
II. THE SIMPLIFIED MONITORING SYSGEM
Three typical metal transfer images are given in Fig. 2 (a) , (b) and (c). As can be seen, the images are fuzzy with low contrast There is one droplet in Fig. (a) and there are no droplets in Fig.  (b)-(c) . In (a)-(b), the wire tapering is insignificant. In (c), the wire tapering is significant, which is caused by the peak current that has exceeded the transition current. We use a Gaussian weighted kernel moving filter to suppress the noise, which is formulated as follows:
where σ is the standard deviation; and are the mean values. In Fig. 3 (a) , (b) and (c), we show the filtered images and it is seen that the fuzziness of the images is reduced effectively. 
where is the angle between the incident light and the surface normal at position . denotes the color value.
is the distance from the position to the arc light center. To simplify the problem, it is assumed that the arc light is point light source relative to the imaging plane.
is the temperature of arc light source and it is determined by the current.
is the spectral frequency of arc light and is the speed of the light. ℎ is the planck's constant and is the boltzmann's constant. The temperature changes with the alternating welding current. As a result, the brightness at point changes from frame to frame alternately in the time domain. To demonstrate this property, we choose a ROI in the top part of arc light affected region in 15 adjacent frames and compute their average gray-scales which are then plotted it in Fig. 4 (a). As can be seen, the intensity varies periodically, which validates the correctness of the model. Combining Eq. 2-Eq. 4, we get the brightness at a specific point on the image plane with the distance to the arc light center:
Accordingly, the intensity distribution of the image caused by the arc light could be modeled as:
where ( , ) is the center of arc light distribution and it may not lie inside the image.
The intensity distribution of the image caused by both the laser and the arc light can be modeled as:
where is a constant and it represents the intensity caused by the laser light. Ideally, the gray-level distribution of the regions blocked by the droplet and the wire tip should be zero. However, these regions are affected by the scattered laser and arc light, which can be modeled as:
where ( , ) denotes the light scattering coefficient at ( , ) in the laser illuminated region.
As part of the model, Eq. (5) and Eq. (6) are formulated based on the assumption that the arc light is a point light source. To prove the correctness of the assumption, we select two ROIs. Then the gray-scale difference of the two ROIs is computed by subtracting the average gray-scale of the top ROI from the average gray-scale of the bottom ROI. According to the Eq. (5), the difference could be formulated as:
where and denote the average gray-scale of the top ROI and the bottom ROI respectively. and are constant. As can be seen, the difference is proportional to the average gray-scale of the selected ROI. Fig. 4 (b) shows the intensity difference of 15 selected adjacent frames. As can be seen, the pattern of these differences shown in Fig. 4 (b) is very similar to the pattern of the differences of the average gray-scales shown in Fig. 4 (a) , which indicates that the assumption of the arc light as a point light source is correct.
To verify that the light scattering coefficient in Eq. (7) exists, we select a ROI illuminated by both the arc light and laser and plot its average gray-scales from the same 15 adjacent frames in Fig. 4 (c) . As can be seen, the pattern of the variation in the arc light and laser illuminated ROI is different that of the ROI
From the above analysis based on image modeling, there are two major challenges if we want to segment the droplet or tapering robustly from the background: 1), the gray-level distribution of the blocked region is proportional to that of the light illuminated regions instead of zero, which fails a global low threshold to segment the droplet robustly. 2), the uneven gray-level distributions of these regions also make it difficult for a global threshold to segment the whole image robustly. The good thing is that the arc light distribution varies slightly due to the fact that the imaging distance is deliberately selected to make the arc light already be reduced significantly. As a result, the uneven intensity distribution in a small region will not affect the segmentation by a global threshold selection significantly. It will be validated in this paper. A region of interest (ROI) is thus defined adaptively for robust segmentation of the droplet and the undetached liquid metal.
In addition to the uneven intensity distribution of the background, the captured image is also fuzzy because of the arc plasma that refracts the laser in different directions. The sharpness of the edge in the captured image is decreased by the refraction of the laser. On the other hand, the variation of the pixel intensity and the fuzziness at the edges is affected by variation of the arc plasma. The authors in [9] have proposed a second order model by fitting the detected edges to deal with the fuzziness. The position and size of the droplet are also computed with higher accuracy than those of threshold selection methods [19] [20] [21] . Different from the past research, a linear membership function is introduced to deal with the fuzzy edge of the droplet in this paper and accordingly a doublethreshold selection method is proposed.
IV. PROPOSED IMAGE PROCESSING ALGORITHMS
A series of image processing algorithms are proposed in this section to robustly calculate the boundaries of the detached droplets and the undetached liquid metals. To obtain the information for feedback control, we compute the characteristic parameters from the segmented droplets and the segmented undetached liquid metals. At the start, it is determined automatically if there is the droplet in the image or not. If there is a droplet, the droplet and the undetached liquid metal need to be segmented and their characteristic parameters are also needed to be computed. If there is no droplet at all, the undetached liquid metal needs to be segmented and its characteristic parameters are also computed. The most challenging part this research work is to segment the fuzzy region robustly for the droplet or for the liquid metal.
A. Determine if there is droplet
To determine if there is a droplet in the current image, the image is segmented with a rough global threshold at first. Because the intensity distribution of the arc light on the image plane alternates with the current, the threshold should also vary accordingly. Based on the formulated model in the previous section, it is seen that a ROI is proper at this stage, which will facilitates the subsequent processing. The ROI is defined as a 200 × 100 region around the center of the wire tip by considering the imaging distance and the imaging resolution. The rough threshold is then formulated by the following equation:
where = 1,2,3, . . . , is the frame index of the captured images. both and ∆ are constants and they are computed by analyzing the gray-scales of several frames through trial and error. This rough global threshold is used to find out if there is a droplet or not instead of segmenting the droplet robustly.
B. The Proposed Threshold Selection Method
If there is a droplet, a much smaller ROI 30×30 is then used around the center of the detected droplet. In the past research, we have proposed an effective threshold selection method that could meet the segmentation requirements in different applications [20] [21] [22] . This threshold selection method calculates the threshold from the slope difference distribution of the image histogram. In this research work, we also utilize the slope difference distribution to compute two thresholds. The difference from the past research [20] [21] [22] is that we did not filter the image histogram in the frequency domain obtained by Fourier transformation. On the other side, we filter the histogram in the time domain by a moving average filter and experimental results show that this threshold selection method also achieves adequate accuracy in this specific application. This threshold selection method assumes that the variation of the histogram distribution has local maximums at the thresholding points. Usually there are multiple thresholding points with multiple variation peaks in the histogram distribution. Its implementation could be summarized as followings:
(a) (b) Fig. 5 Illustration of how to select the two thresholds (a) the sorted grayscale values; (b) the two detected peaks from slope differences.
A 4×20 rectangular slice at the center is selected for each 30 ×30 ROI. We sort the points in the selected slice based on their grayscales as illustrated in Fig 5 (a) . We compute two slopes for any point on the sorted grayscales, one on the left-hand side and the other on the right-hand side. We compute the slopes by fitting a linear line model with seven adjacent points at each side. The linear line model is formulated as: = +
[ , ] = ( )
The two slopes at point , ( )and (i), could then be obtained from Eq. 14. The slope difference, ( ), at point is then computed as:
where is the total number of pixels in the rectangular slice. At last, we find the peaks of slope differences as the thresholding points. In this specific research work, we need two thresholds to cope with the fuzziness and determine the boundary of the droplet robustly. The two thresholds are at the positions where the grayscale value increases with the order index from the droplet center, through the fuzzy region points, to the laser illuminated region points, an optimal threshold 1 T at the outer boundary and an optimal 2 
T
at the inner boundary. Accordingly, an underestimate of the droplet is determined by 2 T and an overestimate of the droplet is determined by 1 T . The region belonging to the overestimate of the droplet while not belonging to the underestimate of the droplet is defined as the fuzzy region where is affected by the laser refraction significantly. A linear membership function is assigned to each pixel in the fuzzy region. The linear membership function is computed by the following equation:
where i G is the gray-level value of the th pixel in the fuzzy region and denotes the number of pixels in the fuzzy region. As can be seen, the two thresholds, 1 T and 2 T are important for the robust segmentation. Compared state of the art methods [23] [24] , the proposed method in this work is more robust and efficient to compute two thresholds at the same time. Fig. 6 shows an example of the segmentation result. Fig. 6 (a) shows the droplet in the ROI. Fig. 6 (b) and Fig. 6 (c) show the segmented results by the two thresholds, 2 T and 1 T respectively. Fig. 6 (d) shows the computed fuzzy region.
We use the probabilities of the point in the fuzzy region and the smaller segmented droplet to compute the area of the droplet. The probability of the pixel in the smaller segmented droplet is defined as: = 1; = 1, . . , (19) where is the number of pixels in the smaller segmented droplet. Then the area of the segmented droplet is computed as:
The position of the droplet is computed as follows:
where and are the vertical and horizontal coordinates of the th point in the smaller segmented droplet respectively. and are the vertical and horizontal coordinates of the th point in the fuzzy zone respectively. The calibration coefficient / equals 0.095.
C. Segmentation of the Undetached Liquid Metal
In a similar way, the undetached liquid metal is segmented by the proposed thresholding method. The difference from droplet processing is the method of area computation. We need to compute the width distribution of the segmented metal firstly, which is computed by the following equation.
( ) = ( , ) (23) where ( , ) is the probability at position ) , ( y x . is the size of the ROI in the row direction.
Secondly, we use the Equations 14-18 to detect the position where the metal starts to melt. The position where the liquid metal stops is the maximum Y value of the segmented undetached liquid metal. Its length and area are computed by the following equations respectively. = − (24)
V. EXPERIMENTAL RESULTS
Ten adjacent frames from the recorded video are selected to verify the effectiveness of the proposed methods and designed system. The computed characteristic parameters are shown in Fig. 7 and Fig. 8 . As can be seen, the variation of these characteristic parameters reflect the welding process correctly. Because all the captured images comply with the established models in this paper, thus these results are adequate to evaluate the effectiveness of the designed monitoring system and the proposed image processing algorithms [25] . The major contributions of this paper include: 1), responding to the appeal in [7] , a simplified metal transfer monitoring system is developed. Compared with [7] , not only the droplet position, but also the size of the droplet, size of the tapering metal and lengths of the tapering metal are computed for feedback control.
2), the intensity model of the captured image is formulated based on the physical laws, which facilitates the proposition of subsequent image processing algorithms.
3), to control metal transfer robustly, the accuracy of the image segmentation result becomes critical. Since none of the state of the art threshold selection methods could deal with the fuzzy edges of the metal transfer image and there is uncertainty at the edge region, a segmentation method with two on-line computed thresholds is used to segment fuzzy edge images robustly.
VI. CONCLUSION AND FUTURE WORK
In this paper, we present a compact and practical monitoring system to extract the metal transfer information robustly and efficiently by proposing effective image processing algorithms. To cope with the fuzziness, a segmentation method based on two thresholds is proposed. A linear membership function is proposed to compute the fuzzy region. Experimental results verified all the effectiveness of the proposed algorithms and also the effectiveness of the simplified monitoring system.
In the future, we will conduct more experiments with different welding processes to further verify the effectiveness of the designed monitoring system and the subsequently proposed image processing algorithms; we will also develop the closed loop monitoring and control system for the robotic P-GMAW and analyze the control effect as [6] ; Then we will develop the closed loop monitoring and control system for other robotic GMAW processes.
